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Abstract. Whether evolution can be predicted is a key question in evolutionary
biology. Here we set out to better understand the repeatability of evolution, which
is a necessary condition for predictability. We explored experimentally the effect
of mutation supply and the strength of selective pressure on the repeatability of
selection from standing genetic variation. Different sizes of mutant libraries of an
antibiotic resistance gene, TEM-1 β-lactamase in Escherichia coli, were subjected
to different antibiotic concentrations. We determined whether populations went
extinct or survived, and sequenced the TEM gene of the surviving populations. The
distribution of mutations per allele in our mutant libraries—generated by error-prone
PCR—followed a Poisson distribution. Extinction patterns could be explained by a
simple stochastic model that assumed the sampling of beneficial mutations was key for
survival. In most surviving populations, alleles containing at least one known large-
effect beneficial mutation were present. These genotype data also support a model
which only invokes sampling effects to describe the occurrence of alleles containing
large-effect driver mutations. Hence, evolution is largely predictable given cursory
knowledge of mutational fitness effects, the mutation rate and population size. There
were no clear trends in the repeatability of selected mutants when we considered all
mutations present. However, when only known large-effect mutations were considered,
the outcome of selection is less repeatable for large libraries, in contrast to expectations.
Furthermore, we show experimentally that alleles carrying multiple mutations selected
from large libraries confer higher resistance levels relative to alleles with only a known
large-effect mutation, suggesting that the scarcity of high-resistance alleles carrying
multiple mutations may contribute to the decrease in repeatability at large library
sizes.
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1. Introduction
One issue that has taken center stage in evolutionary biology in recent years is the
question of whether evolution is predictable [1]. Various factors have driven this question
to the foreground. First, one stringent test of a scientific framework is its ability to
make quantitative predictions about future events (E.g., [2]). Experimental evolution
[3], but also new approaches in paleontology [4], have increased the scope for hypothesis
testing in evolutionary biology. Making clear predictions about future evolution, even
for simple laboratory model systems at short time scales, would demonstrate a profound
understanding of evolutionary processes. However, the extent to which non-trivial
predictions actually can be made for such a complex and inherently stochastic process
is unclear. Second, the widespread occurrence of convergent phenotypic evolution raises
the question of what drives these parallel changes in natural populations. Moreover,
recent observations suggest that the genetic basis for these adaptations is often divergent
[5, 6, 7], making this question even more intriguing. Finally, the predictability of
evolution has important practical implications, such as whether future changes in
pathogen populations can be anticipated [8] and antibiotic resistance can be avoided
or mitigated [9, 10].
One important concept that has motivated these developments is the fitness
landscape, a multi-dimensional model that maps different genotypes to their associated
fitness [11]. The topography of fitness landscapes is strongly contingent on epistatic
interactions among loci, particularly sign epistasis. Sign epistasis occurs when mutations
can either be beneficial or deleterious, depending on the background in which they
appear [12, 13]. Sign epistasis has two ramifications for the predictability of evolution.
First, it constrains the number of different pathways accessible to natural selection,
thereby potentially contributing to a greater predictability of evolution. Second, it
can shape the fitness landscape in such a way that it contains multiple peaks, and
thus multiple distinct end-points for evolution [14] and thereby a lower predictability.
Weinreich and colleagues demonstrated the pervasiveness of sign epistasis in a complete
fitness landscape for five mutations in the TEM-1 β-lactamase gene [9, 15]. Of the
120 possible pathways by which these mutations could be acquired, under strong
selection/weak mutation conditions the expectation is that only 18 pathways will be
accessible and that most populations will follow 2-4 pathways [12]. Subsequent research
demonstrated that sign epistasis occurs between two large-effect initial mutations, R164S
and G238S, and that these initial mutations lead to separate adaptive trajectories
[16, 17, 18]. The dependence of evolutionary trajectories on historical contingencies also
has been shown in other model systems [19, 20, 21], as well as in natural populations [7].
Populations can follow different mutational pathways because of the combined effects
of genetic drift and epistasis, and therefore not necessarily because of the ruggedness of
the fitness landscape [21].
Another key factor for predicting evolution is population size, which will strongly
affect the repeatability of evolution. The repeatability of a process will determine the
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extent to which it can be predicted. Genetic drift will be stronger in small populations,
and the mutational supply will be smaller. If the mutational supply is small, populations
are likely to either sample no beneficial mutations, or to fix whichever beneficial mutation
is present. Hence, independent populations are likely to follow different evolutionary
trajectories. Conversely, in larger populations multiple beneficial mutations can be
sampled simultaneously in different lineages. However, in asexual populations, a
beneficial combination of mutations cannot be obtained through recombination, but
only when these beneficial mutations occur simultaneously or sequentially in the same
lineage. The largest effect mutation will therefore likely prevail, whilst taking longer
to fix because there is competition between beneficial mutations leading to small
effective selection coefficients among contending mutants. This effect is called “clonal
interference” [22, 23, 24, 25], and it will limit the number of mutations that can be fixed
and hereby increase repeatability. Indeed, experimental evolution studies have shown
that the repeatability of evolution increases with population size [27, 26].
On the other hand, recent studies have shown that the relationship between
population size and the repeatability of evolution can be more complex. Theoretical
work has shown that the effects of population size on the repeatability of evolution can
be non-monotonic: for very large populations adapting on a rugged fitness landscape
the repeatability of evolution can decrease [28, 29]. These large populations will
sometimes sample rare, highly beneficial combinations of multiple mutations that would
otherwise be evolutionarily inaccessible due to epistasis [28]. Genetic drift will also allow
valley crossing in some small populations, whereas intermediate-size populations will
instead greedily converge on a local fitness peak most of the time [27, 29]. Examples
of non-monotonic relations between population size and evolutionary predictability
have also been observed experimentally, although they implicate a different underlying
mechanism. For Pseudomonas fluorescens adaptation to rifampicin, the greatest
diversity in the genetic basis of adaptation occurred at intermediate population sizes
[30]. In this case survival of populations at the smallest bottleneck size was contingent
upon the occurrence of large-effect mutations: those mutations that confer growth rates
large enough to overcome the effect of the larger dilutions imposed on these populations.
The fitness landscape and population size will be important determinants of the
repeatability of evolution, but other more subtle, system-specific factors may also come
into play. Natural selection is conceptually a purely deterministic force in evolution,
as opposed to the inherently stochastic processes of mutation and genetic drift [22],
and therefore a key driver of evolutionary predictability. Furthermore, whereas the
importance of directional and purifying selection for evolutionary convergence may be
obvious, even diversifying selection can lead to highly repeatable evolutionary outcomes
[31]. However, non-heritable phenotypic variation will affect the outcome of selection
and therefore the extent to which the selection of genotypes can be a deterministic
process. One extreme example of non-heritable phenotypic variation is the bistable rate
of growth in bacterial populations, which probably represents a bet hedging strategy [32].
Moreover, many other mechanisms could impact stochasticity in natural selection by
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amplifying the effects of minor stochastic variation during selection. Social interactions
between helpers and beneficiaries [33] could have such effects; If a helper is at low
frequency and there is variation in its growth rate, this could affect the breakdown of an
antibiotic and thereby the scope for growth of the beneficiary. Furthermore, in chaotic
systems, such as populations with beneficiaries that interfere with the growth of helpers
[34, 35], small perturbations caused by selection can have major effects on the outcome
of evolution.
Here we explore the relationship between mutation supply and the repeatability
of evolution in a simple and well characterized experimental model system. As a
first step, we wanted to consider the effects of mutation supply on the repeatability
of selection, using a range of mutation supplies and selection pressures. Specifically, we
were interested in determining the contribution of mutation and selection to the outcome
of a single round of evolution, in a controlled laboratory environment. Can stochasticity
inherent to selection have important implications for the outcome of evolution? Second,
we were interested in whether a limited number of large-effect mutations can dominate
selection, despite epistatic interactions with other mutations. To what extent does the
occurrence of large-effect mutations shape the outcome of selection? We choose to study
these questions with mutagenized libraries of TEM-1 β-lactamase in E. coli, and used
the antibiotic cefotaxime to introduce a selection pressure [9]. This model system is
well suited to addressing these issues because the type and intensity of selection can be
tuned by using different cefotaxime concentrations. Moreover, because mutations are
induced by polymerase chain reaction (PCR) and the mutation supply can be further
regulated by making libraries of different sizes, we can manipulate the main evolutionary
forces independently and tailor a setup to specifically consider stochastic effects during
selection. Finally, the repeatability and predictability of evolution have been extensively
studied for this model system, helping to provide substantial context for this work.
2. Results
2.1. Experimental approach
To investigate the effects of standing genetic diversity and selection pressure on the
repeatability of selection, we generated libraries of TEM β-lactamase alleles by error-
prone PCR (EP-PCR) and cloned them into a plasmid vector. We refer to the ensemble
of TEM alleles generated by a single EP-PCR as a “pool”. From these pools we then
generated "libraries" with a range of determined sizes. To do so, we estimated the
number of transformed cells, and then diluted the cells to render four different-sized
“libraries” containing 102, 103, 104 and 105 TEM alleles. These cells were then amplified
by overnight culturing, and subsequently exposed to four different concentrations of
cefotaxime (64, 128, 256 and 512 ng/mL cefotaxime). To avoid biases related to initial
cellular density [33, 36] and associated differences in cell doublings during selection, the
same density (1.1 × 105 cells/mL) was used for all treatments. As 106 cells were used
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to inoculate each replicate, even for the largest library size (105) the predicted number
of alleles lost during inoculation is small, but larger than in small libraries. Note that
the lowest antibiotic concentration used is just above that in which E. coli carrying the
original TEM-1 gene will grow: The minimum inhibitory concentration (MIC) is ≈ 60
ng/mL [16]. Each of the combinations of population size and antibiotic concentration
was tested with six-fold replication. We refer to these replicates as "physical replicates"
(analogous to technical replicates in the vernacular of biologists). The entire experiment
was carried out with libraries drawn from three independently generated EP-PCR pools
(refered to as Pools A, B and C), and these we refer to as "biological replicates".
Following selection, the consensus sequence of the TEM gene was determined by Sanger
sequencing. We characterized the mutant libraries, analyzed the extinction rates with
a simple model, and determined the diversity of TEM alleles present in the selected
populations to assess repeatability.
2.2. Statistical description of error-prone PCR libraries
To know the mean and distribution of single-nucleotide mutations in the EP-PCR pools,
we sequenced six clones from each pool. In these 18 clones, we detected 27 single-
nucleotide mutations and hence the mean number of single-nucleotide mutations per
allele (λ) is 1.5. A one-sample Kolmogorov-Smirnov test confirmed that the distribution
of the number of single-nucleotide mutations per allele is not significantly different
than that of a Poisson distribution with a mean of 1.5 (D = 0.232, N = 18, P = 1,
see Figure S.1a). For the three pools, λ was similar suggesting the distributions are
comparable (λA = 1.33, λB = 1.66, λC = 1.5). Our observed distribution of mutations
per allele matches theoretical expectations from a simple model [38], but clashes with
empirical data with significantly more variation than a Poisson distribution [39]. We
have introduced far fewer mutations per amplicon here (1.5 here vs. 15.8 and 19.9 in
[39]), probably making our setup less susceptible to subtle deviations from the Poisson
prediction. The position of all 27 mutations detected in the libraries (Figure S.1b)
was found to be not significantly different from a uniform distribution using a one-
sample Kolmogorov-Smirnov test (D = 0.672, N = 27, P = 0.758; range is 1-861, i.e.,
the length of the TEM ORF). This indicates that mutations are randomly distributed
over the TEM gene. The mutational spectrum for the 27 mutations was found to be
similar to expectations for the GeneMorph II random mutagenesis kit [40], with an
overrepresentation of transitions and t → a transversions (Figure S.1c).
Given these results, it is reasonable to assume the distribution of mutations per
TEM allele follows a Poisson distribution for our setup, whilst the mutational biases of
the EP-PCR should probably be taken into account by a model. It also should be kept
in mind that mutations that occur early during the PCR will reach higher frequencies
and some coordination of mutations within a pool, as well as the libraries derived from
it, will occur [38]. Therefore, alleles drawn from the same pool are more likely to share
specific mutations than alleles drawn from different pools.
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Figure 1. The observed and modeled rates of extinction for the various library
sizes exposed to different concentrations of cefotaxime are shown. In panel a, the
experimental data are given, extinction being the mean of the three experimental
replciates. In panels b to e, extinction for the fitted Models 1-4 is given (see also
Table 1).
2.3. Extinction rates during the selection experiment
Selection experiments were performed for various library sizes and over a range of
cefotaxime concentrations. Overall, the percentage of populations in which bacterial
growth could not be detected after 48 h was 32.3 ± 8.3. We subsequently refer to
populations without detectable growth as having gone extinct. The rate of extinction
appears to increase for smaller library sizes and higher cefotaxime concentrations
(Figure 1a). We used logistic regression to test these trends, where library size was
nested within EP-PCR pool due to the coordination of mutations. The effects of pool,
library size within pool, and cefotaxime concentration within library size within pool
were all highly significant (P < 0.001).
We generated a simple model of extinction to test whether the observed patterns
of extinction can be explained, and are compatible with previous results. A brief
overview is given here, and a more detailed description of the model and model fitting
routine are provided in the methods section. In essence, for a library of a given
size the model draws a Poisson-distributed number of mutations for each allele, and
determines whether the mutations are beneficial or not. For the beneficial mutations,
the model assigns resistance values to each individual mutation based on an empirical
distribution of beneficial fitness effects (DBFE) for TEM-1 [37], weighted to account for
mutational biases of the polymerase. The resistance of each allele is then determined
by assuming the effects of multiple mutations are either additive, or alternatively, that
each (additional) mutation has an epistatic effect of a constant magnitude . The DBFE
for TEM-1 is based on IC99.99 measurements [37], and since these measurements are
based on colony counts, they may not accurately reflect resistance under our selection
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Table 1. Model parameter estimates and model selection. ∗ : Akaike Weight
Parameter estimates
Model ρ  NLL AIC ∆AIC AW∗
1 - - 197.491 394.982 243.862 0
2 -1.2 - 74.560 151.121 - 0.624
3 - -2.8 151.592 305.148 154.063 0
4 -1.1 -0.1 74.067 152.134 1.103 0.376
conditions. We therefore also introduced a factor ρ that allows for the rescaling of all
resistance values. We then draw L TEM alleles, with L corresponding to library size, and
impose hard selection: If any of these alleles has a higher resistance then the antibiotic
concentration being considered, the population grows and does not go extinct.
We then considered four variants of this extinction model. Model 1 assumes no
epistasis ( = 0) and no rescaling of resistance (ρ = 0). Model 2 allows only rescaling of
resistance, Model 3 allows only epistasis and Model 4 allows both rescaling of resistance
and epistasis. Model 1 has no free parameters and does not need to be fitted, whereas
Models 2-4 were fitted to the empirical extinction data using a maximum likelihood
approach, and the Akaike information criterion (AIC) was used for model selection.
Models 1 and 3 are not supported by the data, Models 2 and 4 have similar fits,
and there is slightly more support for Model 2 given it has one less free parameter
(Table 1, Figure 1b-e). This suggests that any epistatic effects are weak (ρ = −0.1), and
that rescaling resistance values of the DBFE is the most important consideration. The
observed rates of extinction are therefore compatible with model predictions, suggesting
the absence of beneficial mutations in TEM drive extinction in small populations and
at high antibiotic concentrations. Moreover, these results suggest that epistasis does
not play a major role in determining resistance levels in this setup. However, we are
cautious with drawing this conclusion because the limited scope for interactions between
mutations, due to the low number of mutations per allele in the pools used here.
Moreover, if positive and negative epistatic effects balance out on average, modeling
epistatic effects as being constant would not be illuminating.
2.4. TEM genotypes in selected populations
We detected a total of 453 single-nucleotide mutations in the populations following
selection, with an average of 2.32 mutations per surviving population. The most
abundant mutation was G238S, the largest effect single-nucleotide mutation in TEM-1
[37] (Figure 2a). The three most common mutations (G238S, R241P and R164S) had
all been previously identified, and are among the four largest-effect mutations known for
TEM-1 adaptation to cefotaxime [37]. Overall, seven out of 35 detected mutations are
known beneficial mutations [37] (Figure 2a), and the stabilizing mutation M182T was
also observed [41]. Of the detected mutations, 24% were synonymous. Ten synonymous
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Figure 2. In panel a, the frequency of single-nucleotide mutations detected in
all selected populations is given. In panel b, the frequency at which TEM alleles
were observed is given. For both panels, only mutations or alleles detected in more
than one population are shown. Unknown mutations, or alleles with only unknown
mutations, are colored solid black. Known mutations, or alleles containing only one
known mutation, are given a solid color, with the less prevalent mutations all colored
in light blue. All known mutations are beneficial on their own, with the exception
of M182T, which is beneficial only in combination with other mutations. In panel b,
alleles containing combinations of mutations are given hatched colors corresponding to
the mutations present. Whereas a considerable number of unknown mutations were
detected, most alleles contain at least one known beneficial mutation. The mutation
G238S dominates, as do alleles containing this mutation alone or in combination
with other mutations. The ancestral TEM-1 allele was inferred to be present in 38
populations, although its presence could represent a consortium of mutant alleles at
low frequencies.
mutations that increase resistance to cefotaxime have been identified in TEM-1 [37],
but none of these mutations were found here.
We inferred the presence of 273 TEM alleles carrying mutations in the surviving
populations, representing 23 different alleles (Figure 2b, Figure S.2-S.4). The presence of
the ancestral TEM-1 allele was also inferred in many selected populations, although its
presence could also be due to a consortium of many different variants at low frequencies.
When we sequenced clones to check that the TEM alleles inferred were actually present
in the populations, we indeed found that there were sometimes additional mutations
present which could not be seen at the population level. We found an average of
1.40 and a maximum of five TEM alleles per surviving population. We analyzed the
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occurrence of mixed-allele populations with a generalized linear mixed model with a
binomially distributed response variable, with EP-PCR pool as a random factor, and as
fixed factors library size within pool and cefotaxime concentration within library size
within pool. The latter two factors were highly significant (P < 0.001), whereas pool
was not (P > 0.05). The model coefficients show that the frequency of mixed-allele
infections increased with library size (0.755 ± 0.151), but decreased with cefotaxime
concentration within library size (−0.234± 0.047). Therefore, mixed-allele populations
are most common in large libraries and at low cefotaxime concentrations, as one would
expect a priori given the occurrence of hard selection.
Whereas approximately one fifth of the mutations detected were previously
identified beneficial mutations (Figure 2a), almost all TEM alleles contained at least
one known beneficial mutation (Figure 2b). Many of the unknown mutations in the
selected haplotypes therefore may be hitchhiking with previously identified beneficial
mutations. One interesting exception might be the synonymous mutation I287*, which
was found on its own in eight haplotypes. Another exception is the L40* mutation, which
occurred together with G238S in the haplotype that dominated the largest size library
from EP-PCR pool B (Figure S.3). Interestingly, this L40* and G238S double mutant
consistently grew at 512 ng/ml cefotaxime, whereas G238S on its own could not grow
at this concentration under our assay conditions (Figure S.2-S.4). These observations
suggest L40* is beneficial, when in combination with G238S.
One striking feature in the selected populations is how similar or variable the
outcome of selection can be. In many cases, the same allele is fixed in all six replicate
populations at one antibiotic concentration, or even in all replicate populations at all
antibiotic concentrations of a given library size (E.g., Figure S.3, library sizes 103 and
105). These dominant alleles are probably generalists that possess both high resistance
and competitive ability in the absence of antibiotic. On the other hand, at low antibiotic
concentrations the outcome of selection appears to be quite variable. For example, for
the library size 100 of pool C (Figure S.4), no known large-effect mutations are observed
after selection. The resulting population therefore depends on competition between
those alleles that survive initial selection, and is therefore highly variable, especially at
128 ng/mL cefotaxime.
Conversely, in some of the largest library sizes the outcome of selection can also be
variable. One interesting case is the 105 library size of pool C, in which three different
TEM alleles are present in the surviving populations. These alleles all contain either
R164S, R164H or G238S. The initial fixation of either R164S or G238S commits a
population to distinct evolutionary trajectories [16, 17, 18]. Therefore, in this example
the variability in the outcome of selection would force these populations down two
different trajectories in subsequent evolution. A previous study already argued that for
selection on large EP-PCR libraries, the fixation of R164S or G238S was not due to the
absence of either mutation, but rather the combined effects of clonal interference and
epistasis on selection [16]. Our observations here show that random effects during the
selection phase are strong enough to variably commit a population to either trajectory,
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highlighting the importance of these random effects in limiting the repeatability of
evolution.
2.5. Resistance and fitness of G238S-containing alleles
In the selected populations, we noticed that TEM alleles containing only the G238S
mutation appear to fix for libraries of size 104 from all three pools, at the highest
cefotaxime concentration with growth, 256 ng/mL (see Figure S.2-S.4). Sanger
sequencing of clones confirmed that these populations consisted almost exclusively
of alleles with only the G238S mutation, and not an ensemble of alleles containing
G238S and other mutations. However, in selected populations from the 103 and 105
size libraries, alleles containing G238S together with other mutations are fixed. In the
large libraries we expect that the additional mutations might further increase resistance
and fitness, as these large libraries will sample more variation from the EP-PCR pool
and because these alleles grow at a higher cefotaxime concentration than that at which
G238S alone is observed (512 ng/mL). On the other hand, for the smaller libraries we
postulated that these additional mutations might be neutral or even deleterious, since
any allele containing G238S is likely to have a high enough resistance to dominate such
small populations.
To test these hypotheses, we measured the resistance (MIC) and relative fitness
(W ) of two alleles fixed in the 103 size libraries (S1 and S2) and two from the 105 size
libraries (L1 and L2). All alleles except S1 had a significantly higher resistance (Table 2)
and relative fitness (Figure S.5) than the G238S allele. Therefore, our hypothesis that
the alleles sampled in 105 size libraries contained additional beneficial mutations was
correct, but in one case such an allele was also sampled in a smaller 103 library. Hence,
we conclude that the fixation of G238S at an intermediate library size of 104 is probably
just a chance occurrence, made possible because alleles with G238S and additional
beneficial mutations were not sampled.
Two of the three alleles with higher resistance tested contained a synonymous
mutation, and allele L1 contains only the synonymous mutation A184* in addition
to G238S (Table 2). These observations are therefore direct evidence that synonymous
mutations in TEM-1 β-lactamase can be beneficial for resistance. Our results —including
the repeated occurrence of other synonymous mutations in the selected populations
—therefore support the idea that synonymous mutations in TEM-1 can be beneficial
for resistance against cefotaxime, in agreement with previous results [37, 42].
2.6. Repeatability of selection
In order to analyze the repeatability of selection in our experiments, we consider Jaccard
distance measures between pairs of allele frequencies of the surviving populations. For
the purpose of this analysis, the haplotype frequencies shown in Figure S.2-S.4 were
reduced to single-nucleotide mutation frequencies by assigning to each mutation the
sum over the frequencies of haplotypes in which it is contained. This results in a set of
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Table 2. MIC values for selected G238S alleles. a: Library size from which the allele
originates. b: Minimal inhibitory concentration in µg/mL cefotaxime. c: Test values
for U-test against G238S. ∗: Statistical significant at the 0.01 level.
Allele name Library sizea Mutations MICb Z valuec P valuec
G238S G238S 2
S1 103 G78*, L194*, G238S 4 -2.211 0.065
S2 103 V121H, G243*, G238S, S285T 4 -2.762 0.009*
L1 105 A184*, G238S 8 -2.900 0.004*
L2 105 L198V, G238S 8 -2.866 0.004*
(unnormalized) allele frequencies pi where the index i runs over the set S0 containing all
single-nucleotide mutations that appeared at sufficient frequency (> 0.1) to be included
in the haplotype reconstruction, as well as a separate allele representing the unmutated
TEM-1. Finally, the pi are rescaled to ensure normalization
∑
i∈S0 pi = 1. Given two
sets of allele frequencies {pi}i∈S0 and {qi}i∈S0 , the Jaccard distance is then calculated
from the equation
J(p, q) = 1−
∑
i min(pi, qi)∑
i max(pi, qi)
, (1)
which measures the dissimilarity between the two sets in terms of a real value in the
range of 0 ≤ J(p, q) ≤ 1.
By construction, this measure cannot be applied to populations that have gone
extinct because no normalized allele frequencies can be assigned to them. To circumvent
this problem, we simply consider the Jaccard distance of populations conditioned on
survival. Alternatively, we might have assigned a special state to extinct populations
and treated it as either monomorphic or as maximally polymorphic. However, we found
that the effect of such variations on the average Jaccard distance is not significant, as
the trends in the data are nonetheless driven by the allele frequencies of the surviving
populations. Therefore, we restrict ourselves to the simplest scenario in which the
populations that have gone extinct are excluded. In this regard, the following analysis is
complementary to the extinction model presented (Section 2.3) and focuses on different
information contained in the end-point populations.
For a fixed condition distinguished by the library size and cefotaxime concentration,
a total of 3 × 6 = 18 populations corresponding to the 3 independent EP-PCR pools
and 6 physical replicates were created. Eliminating the physical replicates for the
extinct populations, at most 18 samples are thus available for each condition. The
Jaccard distances for all pairs of these populations are then calculated and subsequently
classified into two categories, within-group and between-group distances, based on the
EP-PCR pool A, B, and C from which they were prepared. The averages over different
combinations of EP-PCR pools, i.e., over A, B and C for within-group Jaccard distance
and over pairs A-B, B-C, C-A for between-group Jaccard distances, provide measures of
repeatability on two different levels. By comparing the diversity measures between the
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two categories, we can estimate the relative effects of the two main sources of randomness
in our system, i) the stochasticity of the EP-PCR process and ii) the stochasticity of
the selection experiments in the presence of antibiotics, respectively. Borrowing the
well-known concepts of diversity from the field of ecology, one may regard the within-
group Jaccard distance as analogous to the alpha diversity, which measures the diversity
on local scales, whereas the between-group Jaccard distance is a proxy for the gamma
diversity that quantifies the overall diversity in the entire system [43].
We then repeated the same procedure by focusing only on subsets of alleles
corresponding to “driver” mutations, i.e. known substitutions of substantial resistance
effect. In order to make the comparison fair, after deleting the frequencies of non-driver
mutations the allele frequencies were renormalized to one. If no driver mutations are
present in a surviving population, these populations are treated as if they went extinct;
only a handful of such cases were observed at the lowest concentrations of cefotaxime.
By following this approach, we expect the effects of hitchhiking random mutations
and other sources of noise to be reduced. As possible collections of driver mutations,
we introduce two allele sets S1 = {G238S,R241P,R164S,R164H,E240G,R241H} and
S2 = {G238S,R241P,R164S} by reading off the six and three largest effect single-
nucleotide mutations from the list of known mutations [37] present in the selected
populations described here, respectively.
In Figure 3, we present the average Jaccard distance measures for the three sets
of mutations S0, S1 and S2. The within-group (between-group) Jaccard distances are
presented in left (right) panels. The data for the largest antibiotic concentration are
not shown as there are simply no data except for the largest library size, and no
trends can be inferred from a single data point. Because each point is estimated from
an average over three (pairs of) EP-PCR pools, the error bars are seen to be quite
substantial. Nevertheless, several observations can be made from the figures. First,
the most noticeable difference between the two types of Jaccard distance measures is
the difference in vertical scale: the range of distances in the left panels spans from
0 to 0.4 whereas it runs from 0 to 1 in the right panels. Between-group distances
are generally considerably larger than within-group distances, which shows the strong
(possibly dominant) role of the randomness induced by the EP-PCR in creating the
diversity of selective outcomes. Using permutational multivariate analysis of variance
[44], we checked that this difference is indeed significant(P < 0.001).
Second, a pronounced difference in Jaccard distance measures is observed for small
library sizes (≤ 103) between the full set of alleles S0 (upper panels) and the sets of driver
mutations S1 and S2 (middle and lower panels). In particular, whereas the analysis of
the full set of alleles shows an apparent non-monotonic dependence of diversity on library
size for the two highest antibiotic concentrations, such a trend is absent when only the
driver mutations are considered. This behavior suggests that the large diversities of
the small libraries are due to non-driver mutations. Since a small library size directly
translates into a small number of distinct alleles, the probability that multiple alleles
carrying driver mutations are present in one population is negligible for sufficiently
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Figure 3. Panels show the average within-group (a,c,e) and between-group
(b,d,f) Jaccard distances of allele frequencies in populations exposed to different
concentrations of cefotaxime as a function of library size. In the top row
panels (a,b), the Jaccard distances from population frequencies of all surviving
haplotypes are shown, whereas panels (c,d) and (e,f) are based on the subsets S1 =
{G238S,R241P,R164S,R164H,E240G,R241H} and S2 = {G238S,R241P,R164S} of
driver mutations, respectively. Error bars show the standard error of the mean for
each data point.
small libraries. Accordingly, two possible scenarios are likely to occur. i) A single allele
carrying beneficial mutations exists initially in the population and eventually fixes. In
this case, a small diversity among populations is expected as they share the same end-
point haplotype. ii) The population contains no allele carrying a driver mutation, in
which case selection could very well result in extinction. However, this is clearly not
always the case: at lower antiboitic concentrations—but in at least one population from
a high antibiotic concentration (Figure S.4)—monomorphic populations carrying only
the TEM-1 allele can sometimes show bacterial growth. Therefore, we attribute much of
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the high diversity at small library sizes to the absence of strong selection effects and the
presence of hitchhiking mutants of low or no resistance. Eliminating the contribution of
these non-resistant mutants, we recover small values of the Jaccard distance measures for
small libraries and observe a robust general trend of increasing diversity with increasing
library size.
Third, the behavior of the Jaccard distance measures depends only weakly on
the choices of driver mutations, i.e., the subsets S1 and S2 behave similarly. Thus
the additional three mutations {R164H,E240G,R241H} contained in S1 but not in S2
contribute only marginally to the trends of the Jaccard distance measures. This suggests
a simple picture in which the fate of a population is determined only by the presence
of the driver mutations of largest effect, namely by G238S and subsequently by R241P
or R164S. Once such a driver mutation exists in the initial population, it will always
constitute the dominating allele after selection. To test this hypothesis, we introduce a
mathematical model that relates the probability of sampling haplotypes carrying driver
mutations in the initial population to the allelic composition of the final population.
The model contains a single parameter λ for the mean number of mutations in the TEM
allele carried by a randomly chosen cell in the initial population. Different variants of
the model can be considered depending on the choice of driver mutations. Here, we
discuss the two cases S2 = {G238S,R241P,R164S} and S3 = {G238S} which display a
clear contrast in the statistics. Further details of the model are provided in the Methods
section.
If the simple selection scenario described above is correct, the probability that the
initial population contains a certain set of driver mutations should explain the observed
presence-absence patterns of those mutations in the final population. Therefore, an
estimate of λ can be made by maximizing the likelihood function from the observed
data. Finally, by comparing this estimate with the true value λ = 1.5, we may evaluate
the validity of the scenario. For the two sets of driver mutations S2 and S3, we found
the estimates within 95% confidence level to be λ = 1.07 ± 0.32 and λ = 1.81 ± 0.82,
respectively. These estimates of λ are close to the true value of 1.5, which confirms our
hypothesis that the dominating factor in the selection experiment is the persistence
of strong driver mutations and that the experiments are actually predictable given
knowledge about the presence of driver mutations. The smaller confidence interval
obtained for S2 is expected because the number of final populations on which the analysis
is based is three times larger compared to S3, which makes it puzzling that the estimate
fails to explain the true value at the 95% confidence level. We attribute this failure
to possible cases in which multiple driver mutations are present and compete, which is
neglected in the model. Since the haplotypes R241P or R164S are suboptimal compared
to G238S, they may go extinct during the selection experiments in the presence of
G238S, which leads to an estimate of λ that is too small. Furthermore, beneficiary TEM
alleles—those with low resistance but high fitness in the absence of cefotaxime—might
also play an important role late in selection. In this scenario, resistant alleles degrade
cefotaxime, but the beneficiary allele reaches a high frequency in the final population
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due to their high fitness in the absence of cefotaxime. The occurrence of these social
interactions could mask driver mutations, and therefore also result in too small estimates
of λ. The ancestral TEM-1 allele could of course also be a beneficiary, if there are
tradeoffs between resistance and fitness, perhaps explaining its repeated detection in
the selected populations here. As a final remark, we emphasize that the analysis has
been performed under the assumption that epistasis is weak, which is consistent with
the analysis of the extinction patterns in Section 2.3. Although this seems to be largely
true, there are several exceptions such as haplotypes T114K+R164S+I173M+E240A
and R164H+A172D that outcompete the haplotypes containing G238S even at the
highest concentration.
3. Discussion and Conclusion
We have considered the repeatability of selection, using mutant libraries of different
sizes and selection under different antibiotic concentrations. We made a number
of observations that are compatible with previous results, and at the same time
suggest that overall patterns in the outcome of selection can be predicted in this
system. First, we observed higher rates of extinction in small libraries and at higher
antibiotic concentrations. Fitting of a simple model to the data suggests that these
extinction patterns can be explained by the sampling of beneficial mutations and hard
selection. Second, most alleles found in surviving populations contain known large-effect
mutations. When we modeled mutation and selection, a model with only the three
known largest-effect mutations - G238S, R241P and R164S - was best supported by the
data. In this analysis, the effects of other mutations and epistasis are completely ignored,
again suggesting that the outcome of short selection experiments is also predictable at
the genotypic level. The evolution of TEM-1 is expected to be predictable, based on the
heavy-tailed DBFE in which large-effect mutations are over-represented [37], and other
studies have highlighted the repeatability of evolution outcomes over multiple rounds
of mutation and selection [9, 16]. Our results suggest that knowledge about mutational
bias and the frequency at which large-effect driver mutations will occur are important
for general predictions on the outcome of selection.
On the other hand, our work also highlights several complications with
understanding the repeatability of evolution. First, in one case physical replicates
fixed different mutations which would be expected to initiate two distinct evolutionary
trajectories (G238S and R164S), highlighting the importance of stochastic effects,
probably occurring early during selection, for the predictability of evolution. Since
models are unlikely to capture such occurrences, these idiosyncratic outcomes will
probably contribute to uncertainty in evolutionary predictions. Second, the increased
Jaccard distances for large libraries was also unexpected, and suggests that predicting
the specific driver mutations that will be present in selected populations is complex.
A non-monotonic relationship between population size and the repeatability of
evolution has been predicted in theoretical work [28, 29], including decreases in
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repeatability in large populations due to the sampling of rare but highly beneficial
combinations of multiple mutations. Here we could not show the existence of such
a non-monotonic relationship due to the large variation between biological replicates
when the full dataset is considered (Figure 3). Nevertheless, the data do suggest there
may be such a trend, especially at cefotaxime concentrations ≥ 128 ng/mL cefotaxime.
Moreover, when only driver mutations are considered, there is a decrease in repeatability
for large libraries, reminiscent of model predictions of lower repeatability in very large
populations [28, 29]. One might reasonably expect that if smaller library sizes were
taken and only driver mutations would be considered, repeatability would also decrease.
Therefore, although we have not formally shown the existence of a non-monotonic trend
here, both our complete and reduced datasets do suggest that such a relationship might
exist between TEM library size and the repeatability of evolution.
What mechanisms underlie the decrease in the repeatability of evolution for large
library sizes, suggested by our work? Recall that this trend has been observed for both
within- and between-pool repeatability (Figure 3). The low within-pool repeatability is
probably not due to the sampling of different mutations in each replicate population.
These replicates are all performed with alleles derived from the same pool and library.
The starting population in these replicates represents a large sample (≈ 106 cells), in
which each variant is, on average, present in a large number of cells that varies between
104 in the smallest libraries to 10 in the largest libraries. This means that the vast
majority of variants will be sampled for each replicate. However, for the largest libraries
the number of cells carrying a given allele will be rather small and alleles might therefore
go extinct regardless of their resistance, as the probability of survival is still small for
resistant cells, suggesting a stochastic loss of beneficial alleles early in the selection
process might account for low repeatability. A simple quantitative analysis presented in
Section 4.9 refutes this hypothesis and shows that the total survival probability always
increases with library size. Whilst the mechanism causing low within-pool repeatability
therefore remains elusive, our results suggest that it is events in the selection process
that cause the low repeatability in large populations, and not genetic drift in the form
of random sampling or extinction of beneficial alleles at the beginning of selection.
On the other hand, between-pool repeatability is lower than within-pool
repeatability for large library sizes (Figure 3), suggesting that mutational supply also
plays a role in reducing repeatability. Indeed, in one library a high resistance TEM allele
dominated all selected populations at all antibiotic concentrations (i.e., the G238S L40*
allele in the 105 size of library B), whilst in the other libraries such "all-round winners"
are not present. Moreover, we also showed that alleles carrying multiple mutations
can confer higher resistance than alleles with only a large-effect mutation (Table 2).
Highly beneficial alleles with multiple mutations clearly exist, but are probably rare
and only occasionally sampled even in the largest libraries. There are therefore clear
parallels between our work and model predictions on the decrease repeatability at large
population sizes [28, 29]. However, as we performed a single round of selection on
standing genetic variation, the putative scarcity of these alleles can in itself account for
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the observed patterns and the accessibility of evolutionary trajectories will not play a
role.
4. Methods
4.1. Media
LB medium is 10 g/L Bacto tryptone, 5 g/L yeast extract, and 10 g/L NaCl. LB-agar
is LB medium with 15 g/L agarose added before autoclaving. Mueller-Hinton (MH;
Becton-Dickenson) medium was prepared according to the manufacturer’s instructions.
SOC medium was prepared with 20 g/L Bacto Tryptone, 5 g/L yeast extract, 2.5 mM
KCl, 10 mM NaCL, 10 mM MgCl2, 10 mM MgSO4 and 20 mM Glucose.
4.2. Bacterial strains and plasmids
E. coli strain DH5αE (Invitrogen) was used for all in vivo steps of the experiment.
Plasmid pACSE3 [9] was used as a vector for all cloning and transformation steps,
and is referred to as pACTEM when it contains a TEM allele. The vector contains a
tetracycline resistance gene, and tetracycline was added to all LB media (15 ug/mL)
to retain only plasmid containing cells. TEM expression was induced by adding 50 μM
isopropyl-b-D-thiogalactopyranoside (IPTG) to the medium.
4.3. Mutant library construction & library size estimation
Three TEM mutant libraries were constructed with an error-prone polymerase
chain reaction (PCR), using the GeneMorph II Random Mutagenesis Kit (Agilent
Technologies). We aimed to obtain a low mutation rate (0-4 mutations/Kb)
by using 100 ng of template DNA (which equates 565 ng pACTEM), and
running the PCR reaction for 25 cycles in a 50 uL reaction volume [16].
Primers used were P3: 5’-TCATCCGGCTCGTATAATGTGTGGA and P4: 5’-
ACTCTCTTCCGGGCGCTATCAT [9]. The PCR-product was purified with a
NucleoSpin Gel and PCR Clean-up kit (Macherey-Nagel), and digested with restriction
endonucleases BspHI, SacI, and DpnI (New England Biolabs).
TEM alleles were ligated into the pACSE3 vector overnight at 4 oC with 3:1
insert:vector ratio, using T4 Ligase (Promega). Two uL of the ligate was used
for electroporation, and the transformed cells were suspended in SOC-medium and
incubated at 37oC for 90 min to recover. A dilution of the electroporated cell cultures
was plated out on LB agar supplemented with tetracycline (15 mg/L) and incubated
overnight at 37oC. The remainder of the recovered transformants were stored at 4 oC
to prevent further growth, with mild agitation. The number of transformants was
estimated from counting colonies on the plates. The fraction of transformants containing
a plasmid with TEM inserted was determined from 12 P3/P4 colony PCR reactions to
verify the presence of the full-length TEM gene. Effective library size was the number
of transformants multiplied by the fraction of transformants containing TEM.
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4.4. Library enrichment, antibiotic selection and sequencing
From the effective library sizes, volumes containing approximately 102, 103, 104 and 105
cells with TEM were calculated. These volumes were then used to inoculate 100 mL
bottles with 50 mL LB medium supplemented with 15 μg/ml tetracycline, and incubated
overnight at 37 oC without agitation to complete library enrichment. Note since the
library size is determined by sampling prior to library amplification, smaller libraries are
not nested within larger libraries. On the other hand, since mutations can occur at any
cycle during the EP-PCR, the occurrence of mutations within a single PC reaction is
likely to be coordinated (i.e., samples drawn from the same EP-PCR will be more alike
than samples drawn from independent reactions). Selection was performed in nine mL
of Muller-Hinton broth containing 64, 128, 256, or 512 ng/mL cefotaxime (Duchefa),
and inoculated with 106 cells, as determined by absorbance (OD600) measurements on
the amplified libraries. These cultures were incubated at 37 oC without agitation for
48 h. The cultures were then briefly spun down, and whether a culture had grown
was determined by visually inspecting tubes for a pellet. Cells were then suspended
in 450 μL LB containing 15% glycerol, and stored at -80oC. A 100× dilution of these
suspensions was used as a template for P3/P4 colony-PCR in a 30 μL reaction volume.
The PCR products were purified and Sanger sequenced, using the P4 primer (Eurofins
Genomics, Germany). To characterize our libraries, we also plated cells from the three
105 size amplified libraries on LB with 15 μg/ml tetracycline, and then amplified and
sequenced TEM for 6 individual colonies.
4.5. MIC and competitions
Populations of interest were plated on LB agar with 15 ug/ml tetracycline, and we then
isolated plasmid DNA from overnight cultures of clones. Plasmid DNA was transformed
into new DH5αE cells. MIC assays were performed in 250 μL Muller Hinton in 96-well
plates, with 50 μM IPTG and 0.0625 to 64 μg/mL cefotaxime, with 2-fold dilutions.
Initial cell density was the same as for the selection on libraries (105 cells per mL). The
plates were incubated at 37 oC for 48 h, and the optical density at 600 nm (OD600) was
measured using a Victor3 plate reader (Perkin-Elmer). OD600 > 0.05 were considered
positive to estimate the MIC.
Direct competitions were performed in 5 mL Muller Hinton, with 50 μM IPTG and
either no antibiotics or 0.256 μg/mL cefotaxime. Exponential phase cells were mixed
to give a 1:1 ratio of competitors, at an initial density of 103 or 105 cells per mL,
and cultures were incubated at 37 oC for 48 h. PCR with the P3 and P4 primers was
performed directly on 0.5 μL of the inoculum mixture and the final populations, and the
PCR products were Sanger sequenced. The frequency of the different TEM alleles was
estimated based on the peak height at polymorphic sites (see also Analysis of Sanger
sequences). For competitions between alleles differing at more than one nucleotide
position, the mean frequency based on all polymorphic positions was used. We estimated
the number of cells at the start and end of competitions from OD600 measurements and
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the frequency of the two variants, and then took the ratio of their Malthusian parameters
as a measure of relative fitness, W.
4.6. Analysis of Sanger sequences
DNA sequence files were imported in CodonCode Aligner (v 6.0.2), trimmed, and aligned
to the TEM-1 reference sequence. Initially, mutations were visually scored in the
chromatograms, and double peaks were assumed to represent polymorphisms in the
sampled populations. Next, we measured the height of peaks for all polymorphic sites
using ImageJ (National Institutes of Health), and estimated the frequency of different
bases from relative peak heights. We disregarded any bases with a frequency below 0.1,
including those corresponding to the ancestral TEM-1. For those populations with more
than one polymorphic site, we inferred heuristically the alleles present (i.e., haplotypes
consisting of none, one or multiple single-nucleotide mutations) by considering the
variation between replicates of the same dilution of the library. Pearson correlations
and principle component analysis on the mutation frequencies were used to further
support these intuitions. For polymorphic populations, we also sequenced between 4
and 10 clones from one physical replicate to test whether our haplotype inferences were
correct. TEM-1 was also included, although we could not distinguish it from a possible
consortium of many different variants at low frequencies.
4.7. Extinction model
For every TEM allele present in a library, we assume that the total number of single-
nucleotide mutations per allele introduced by the EP-PCR is Poisson distributed, with
a mean of Λ and a realization of this distribution being λ. Based on sequencing of
the TEM alleles from clones from the enriched library (i.e., prior to selection), we can
estimate that Λ = 1.5 and showed that a Poisson distribution is a good approximation
of the empirically observed distribution (See Figure S.1). Next, we assume that all
mutations are either beneficial or non-beneficial, and that the distribution of beneficial
mutations per TEM allele is binomially distributed, with the probability that a mutation
is beneficial being β and the total number trials being the mutations on a given allele,
λ. From a previous study [37], we estimated that β = 87/(3 ∗ 861) ∼ 0.034, given a
minimum estimate of 87 mutations that increase the resistance of TEM-1 to cefotaxime,
and the length of the TEM open reading frame. We assume that all non-beneficial
mutations are deleterious, having a resistance equal to cells carrying the empty vector
pACSE3 (IC99.99 = 33 ng/ml), which has a lower resistance than TEM-1 (pACTEM
IC99.99 = 52) [37][35]. For beneficial mutations, we assume that their resistance is a
randomly drawn value – with replacement, as not all beneficial mutations are known
– from the empirical heavy-tailed distribution of beneficial fitness effects of 48 single-
nucleotide mutations found for TEM-1 [37]. The sampling of values from this empirical
distribution is weighted to reflect mutational bias, given the mutational spectrum of the
GeneMorph II kit is known [40] (see also Figure 1c).
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Next, we need to make assumptions about epistasis, since there can be multiple
single-nucleotide mutations in a single TEM allele. For Models 1 and 2, we assume that
the resistance effects of multiple mutations are additive, following the definition given
by Sanjuan and Elena [45]. The change in log of resistance for a mutated TEM allele
(∆ ln ra) is the sum of the differences in resistance compared to TEM-1 for the log-
transformed IC99.99 values (∆ ln ri). Next, to allow for epistasis in Models 3 and 4, we
assume there is a fixed magnitude of epistatic interactions for all mutations introduced
into TEM, with a value . Finally, in Models 2 and 4 we consider the possibility that it
might not be possible to use our resistance measurements for single-nucleotide mutations
(IC99.99) to infer the exact maximum antibiotic concentration at which a mutant can
grow by itself in the selection experiments described here. Such an effect is likely, since
the IC99.99 measurements are made on plates and not in liquid culture, and the initial
density of cells is different. We therefore include the possibility to rescale resistance by
including a constant ρ in the estimation of the resistance of a TEM allele. Hence for
alleles carrying one or more mutations:
∆ ln ra = ρ+ (Λ− 1) +
Λ∑
i=1
∆ ln ri (2)
For alleles with no mutations ∆ ln ra = ρ. For a library size L, we draw L TEM
variants and determine ra for all the drawn alleles. We assume there is hard selection
and no ‘social interactions’ (e.g., less resistant variants growing after more resistant
variants have degraded the antibiotic in the environment). If ra is greater than or equal
to the concentration of the antibiotic cefotaxime present for any of these L variants
present, that population will not go extinct. By iterating this process a large number of
times (i.e., simulating selection on many different EP-PCR libraries), we can generate a
prediction for the frequency of extinction for all the conditions used in the experiment.
For small library sizes (L < 105) 1000 iterations were performed, whereas for large
populations (L ≥ 105) 250 iterations were performed.
To fit this models to the data, we calculated the negative log likelihood (NLL) based
on the binomial likelihoods obtained by comparing the number of observed extinctions to
the model prediction for each combination of L and cefotaxime concentration. However,
the model can predict that all lineages survive or go extinct, and if the data are not
identical to the model prediction (only survival or extinction observed, respectively), a
likelihood cannot be calculated. To always obtain an indication of model fit and make
model fitting tractable, we therefore used the Laplace binomial point estimator (LPBE:
[x+ 1]/[n+ 2]) for the predicted model frequency of extinction. Note that the number
of iterations performed for estimating the frequency of extinction will have an effect on
NLL values, since we are using the LBPE instead of x/n. For Models 2 and 3 there is
one free parameter, and there are two for Model 4: the constant to scale resistance ρ and
the magnitude of epistatic interactions . To estimate these parameters, grid searches
were performed to minimize the NLL. Searches were initially performed over a broad
range of parameter estimates: (-4, 4) for ρ and  with an interval of 0.5. Subsequently
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grid searches were performed over three smaller spaces where NLL values tended to be
low: ρ = (−3,−0.5),  = (−0.5, 1); ρ = (−1.7,−1.1),  = (−1.5,−0.6); ρ = (−1,−0),  =
(−4,−0.6); all with interval 0.1. Finally, because the model is stochastic and the number
of simulation runs during the grid search was not very large (computational constraint)s,
for Models 1-4 the model was run 10 times with estimated parameters, and we used the
median NLL value for model selection with AIC.
4.8. Analysis of repeatability of selection
In this subsection, we construct a model aimed at testing our hypothesis that the fate of
populations is a priori determined by the presence of driver mutations. To this end, we
first calculate the probability that the initial population contains haplotypes carrying
driver mutations. Note that this probability is dependent on the library size and on
the mean number λ of single-nucleotide mutations of average haplotypes. Even though
λ is known to be 1.5, it will be treated as an unknown parameter and the maximum
likelihood estimates of λ will be compared to the true value to assess the validity of the
hypothesis.
To proceed, we consider the simpler subproblem of determining Pk(x, y), the
probability that a haplotype with k substitutions contains a specific nucleotide
substitution from x to y at a specific position of the TEM-1 plasmid, where x, y ∈ N =
{a, c, g, t} . In this minimal model, we assume that the probability of a substitution
does not depend on its spatial position but only on the types of nucleotides involved
due to the known mutational biases. According to [40], the normalized relative weight
η(x, y) of a mutation from x to y is given by the matrix
η(a, c) = 0.0249 η(a, g) = 0.0927 η(a, t) = 0.0151
η(c, a) = 0.0747 η(c, g) = 0.0217 η(c, t) = 0.1351
η(g, a) = 0.1351 η(g, c) = 0.0217 η(g, t) = 0.0747
η(t, a) = 0.0151 η(t, c) = 0.0927 η(t, g) = 0.0249,
(3)
where it is easily checked that
∑
x,y∈N η(x, y) = 1. Additionally, we define η(x) to be
the sum of weights of mutations of x to any other nucleotide, i.e., η(x) =
∑
y∈N η(x, y).
Given these quantities, one may write
Pk(x, y) =
η(x, y)×Wk−1(la − δx,c, lc − δx,a, lg − δx,g, lt − δx,t)
Wk(la, lc, lg, lt)
, (4)
where δi,j is the Kronecker delta, lx is the number of sites of type x in the original
TEM-1 gene (la = 223, lc = 203, lg = 222, lt = 213) and
Wk(l1, l2, l3, l4) = sum of weights of choosing k substitutions out
of l1, l2, l3 and l4 nucleotides
=
∑
n1,n2,n3,n4≥0
n1+n2+n3+n4=k
∏
x∈N
(
lx
nx
)
η(x)nx . (5)
As discussed in the previous Section 2.2 and elsewhere [38], the total number of single-
nucleotide mutations is known to follow a Poisson distribution with mean λ, so that the
Mutation supply and the repeatability of selection for antibiotic resistance 22
probability of finding a cell with k substitutions is qk = λke−λ/k!. Hence, the expected
number of haplotypes with k substitutions in the initial population of library size L
is Lqk with a standard deviation of order
√
L. Since we are considering fairly large
library sizes, the fluctuation of this number around its mean is ignored in the rest of the
analysis.
Now, we are ready to construct the likelihood function. For each error-prone PCR
pool and for each library size, the presence and absence of driver mutations can be easily
determined from the haplotype tables in Figure S.2-S.4. If a specific driver mutation
realized by the substitution x to y is not observed in the corresponding haplotype table,
the probability
Prob(Not found from x to y) =
∞∏
k=0
(1− Pk(x, y))Lqk , (6)
is assigned to this population. Note that this probability implicitly depends on λ via
the qk. Similarly, if a haplotype of k substitutions carries this specific driver mutation,
we assign it the probability
Prob(found at k from x to y) = 1− (1− Pk(x, y))Lqk . (7)
Additionally, once such haplotypes are found, no additional constraints for different
numbers of substitutions are imposed. This is based on the fact that our hypothesis
only assumes strong selection against cells without driver mutations, and therefore no
additional information is gained about the competition between two haplotypes with the
same driver mutation. Finally, after assigning probabilities for all combinations of EP-
PCR pools and library sizes, the likelihood function is constructed by taking the product
of all probabilities. Then, the maximization of the likelihood function yields an estimate
of the optimal λ based on the presence-absence data, and the confidence intervals are
calculated numerically from the local curvature of the log-likelihood function around
the optimal value.
4.9. Allelic survival probability increases monotonically with library size
In our experimental setting, there are two competing factors that determine the
probability that an allele is observed after selection, termed survival probability in the
following: i) haplotypes carrying the allele should be initially present in the library
before selection and ii) they should survive the selection step. Obviously, because of
factor i), one expects that the survival probability increases with library size L, because
sampling more cells gives a larger chance to find a certain allele. However, the subsequent
amplification step that normalizes the different library sizes to the same population size
N = 106 at the beginning of the selection experiment introduces an opposing effect.
Because the number of cells is multiplied by a factor 1/ρ := N/L, the number of cells
carrying a given allele that was sampled is smaller in the larger libraries, which implies
an enhanced chance of extinction. To understand how these competing effects play out,
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Figure 4. Survival probabilities obtained from Equation (8) for various choices of
the sampling probability f and the single-cell extinction probability d, with the initial
number of cells in the competition being N = 106. For the first four curves, the
sampling probability is set to be 1/2500, which is close to the probability of randomly
sampling one of the 2583 = 861 × 3 single nucleotide substitutions of TEM-1. The
library sizes used in the experiment correspond to ρ = 10−4, 10−3, 10−2 and 10−1. As
the single-cell extinction probability d increases, the survival probability is shown to
decrease for sufficiently large ρ whereas the small ρ behavior (for small library sizes) is
independent of d. The dashed line shows the effect of increasing the initial frequency
f of the allele. When d is close to 1, the asymptotic plateau value of the survival
probability indicated by the dotted line depends only on the product f × (1 − d)
(Equation (9)).
here we present a simple calculation which shows that the survival probability always
increases monotonically with library size.
Within a given EP-PCR pool, each allele is characterized by two parameters: the
sampling probability f and the single-cell extinction probability during the selection
process d. Under the uniform sampling assumption, the probability of sampling n cells
having this allele is binomially distributed with parameter f . The single cell survival
probability is the probability that not all of the n/ρ cells that are present in the beginning
of the selection step go extinct. Summing over n, the probability of observing the allele
of interest after selection is thus given by
S(ρ) =
∞∑
n=1
(
L
n
)
fn(1− f)L−n(1− dnρ ) = 1− (1− f + fd1/ρ)Nρ. (8)
The behavior of S(ρ) for various parameters that resemble the experimental conditions
is sketched in Figure 4. The survival probability increases monotonically and reaches a
plateau value for large ρ which is approximately given by
S(ρ) ≈ 1− eNf(1−d) (9)
provided d is close to 1.
To prove that S(ρ) is indeed monotonically increasing over the entire range of ρ,
0 ≤ ρ ≤ 1, it is sufficient to show that ρ ln(1− f + fd1/ρ) is a decreasing function of ρ.
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After taking the derivative with regard to ρ, this condition is recast as
ln
(
1− f + fd 1ρ
)
− fd
1
ρ ln(d1/ρ)(
1− f + fd 1ρ
) !≤ 0, (10)
for any choice of ρ, d and f . By introducing a variable q = fd1/ρ and multiplying both
sides by (1− f + q), we find the condition
G(q) := (1− f + q) ln(1− f + q)− q ln q + q ln f !≤ 0, (11)
where q now takes values in the range 0 ≤ q ≤ f . It is easy to check that G′(q) > 0 for
0 < q < f . Together with the fact that G(f) = 0 at the right boundary, the inequality
is established.
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Figure S.1. Characterisation of the TEM libraries, based on the sequencing of 18
clones. In panel a, the observed distribution of single-nucleotide mutations per allele
(black bars) is shown next to the predicted Poisson distribution with a mean of 1.5
(white bars). In panel b, the number of single-nucleotide mutations is given for 50
bp bins of the TEM sequence. The 3’ end of the sequence is a 61 bp bin. Note that
the mutations appear to be distributed randomly over the TEM gene. In panel c,
the observed mutational spectrum for the 27 detected single-nucleotide mutations is
denoted by black bars, whereas the predicted frequency is given with white bars. The
prediction was generated from known bias for the polymerase and the presence of bases
in TEM-1. The lower nucleotide is the original base, and upper nucleotide the mutated
base. Transitions (a <-> g, c <-> t) predominate, as well as t -> a transversions.
Despite the small sample size for this analysis, the predicted and observed distributions
appear to be roughly similar.
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Figure S.2. The haplotypes detected in populations after selection, for the libraries
sampled from pool EP-PCR A. The library size, cefotaxime concentration (ng/ml) and
experimental replicate are given of the left of each panel, and to the right or this the
haplotype and its frequency. Grey hatches are given for populations that went extinct,
and the yellow to green colors correspond with rare to fixed genotypes, respectively.
Note that TEM1 is given as a haplotype, but these populations could very well be
composed of an ensemble of genotypes, none of which are at a high enough frequency
to be detected using our method.
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Figure S.3. The haplotypes detected in populations after selection, for the libraries
sampled from EP-PCR pool B. The library size, cefotaxime concentration (ng/ml) and
experimental replicate are given of the left of each panel, and to the right or this the
haplotype and its frequency. Grey hatches are given for populations that went extinct,
and the yellow to green colors correspond with rare to fixed genotypes, respectively.
Note that TEM1 is given as a haplotype, but these populations could very well be
composed of an ensemble of genotypes, none of which are at a high enough frequency
to be detected using our method.
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4 4 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐
5 5 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐
6 6 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐
1 1
2 2
3 3
4 4
5 5 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐
6 6
1 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 0.44 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.22 ‐ ‐ 0.34 ‐
2 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 2 0.39 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.20 ‐ ‐ 0.41 ‐
3 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 3 0.46 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.20 ‐ ‐ 0.34 ‐
4 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 4 0.46 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.23 ‐ ‐ 0.31 ‐
5 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 5 0.50 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.15 ‐ ‐ 0.35 ‐
6 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 6 0.53 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.17 ‐ ‐ 0.30 ‐
1 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 0.31 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.37 ‐ ‐ 0.32 ‐
2 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 2 0.30 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.38 ‐ ‐ 0.32 ‐
3 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 3 0.10 ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.27 ‐ ‐ 0.38 ‐ ‐ 0.25 ‐
4 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 4 ‐ ‐ ‐ ‐ ‐ ‐ 0.13 ‐ 0.32 ‐ ‐ 0.27 ‐ ‐ 0.27 ‐
5 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 5 0.32 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.37 ‐ ‐ 0.31 ‐
6 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 6 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 0.58 ‐ ‐ 0.22 ‐ ‐ 0.21 ‐
1 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐ 0.41 0.29 ‐ ‐ ‐ ‐ ‐ 0.30 ‐ ‐ ‐ ‐
2 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 2 ‐ ‐ ‐ ‐ 0.61 0.15 ‐ ‐ ‐ ‐ ‐ 0.24 ‐ ‐ ‐ ‐
3 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 3 ‐ ‐ ‐ ‐ 0.12 0.50 ‐ ‐ ‐ ‐ ‐ 0.38 ‐ ‐ ‐ ‐
4 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 4 ‐ ‐ ‐ ‐ 0.25 0.28 ‐ ‐ ‐ ‐ ‐ 0.47 ‐ ‐ ‐ ‐
5 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 5 ‐ ‐ ‐ ‐ ‐ 0.13 ‐ ‐ ‐ ‐ 0.87 ‐ ‐ ‐ ‐ ‐
6 ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 6 ‐ ‐ ‐ ‐ 0.53 0.17 ‐ ‐ ‐ ‐ ‐ 0.30 ‐ ‐ ‐ ‐
1 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐
2 2
3 3 ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐
4 4
5 5
6 6 ‐ ‐ ‐ ‐ ‐ 1 ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐
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Figure S.4. The haplotypes detected in populations after selection, for the libraries
sampled from EP-PCR pool C. The library size, cefotaxime concentration (ng/ml) and
experimental replicate are given of the left of each panel, and to the right or this the
haplotype and its frequency. Grey hatches are given for populations that went extinct,
and the yellow to green colors correspond with rare to fixed genotypes, respectively.
Note that TEM1 is given as a haplotype, but these populations could very well be
composed of an ensemble of genotypes, none of which are at a high enough frequency
to be detected using our method.
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Figure S.5. The relative fitness (W ) of different TEM alleles containing the G238S
mutation are given, when in direct competition with an allele containing only the
G238S mutation. Error bars represent the SEM. The mutations in alleles S1, S2, L1
and L2, and their resistance, are given in Table 2. Competitions were performed in
the absence of antibiotics and an initial density of 105 cells per mL ("No CTX"), at
256 ng/mL cefotaxime and 105 cells per mL ("CTX, High density"), and 256 ng/mL
cefotaxime and 103 cells per mL ("CTX, Low density"). The S1 allele has a similar
fitness to G238S, whereas the S2 and both L alleles appear to have higher fitness,
especially with cefotaxime and at a low initial cellular density.
